This study investigates the use of many-objective optimization for water distribution system (WDS) design or rehabilitation problems. The term many-objective optimization refers to optimization with four or more objectives. The increase in the number of objectives brings new challenges for both optimization and visualization. This study uses a multi-objective evolutionary algorithm termed the epsilon Nondominated Sorted Genetic Algorithm II (ε-NSGAII) and interactive visual analytics to reveal and explore the tradeoffs for the Anytown network problem. The many-objective formulation focuses on a suite of six objectives: (1) capital cost, (2) operating cost, (3) hydraulic failure, (4) leakage, (5) water age and (6) fire fighting capacity. These six objectives are optimized based on decisions related to pipe sizing, tank siting, tank sizing, and pump scheduling under five different loading conditions. Solving the many-objective formulation reveals complex tradeoffs that would not be revealed in a lower-dimensional optimization problem. Visual analytics are used to explore these complex tradeoffs and identify solutions that simultaneously improve the overall WDS performance but with reduced capital and operating costs. This study demonstrates that the many-objective visual analytics approach has clear advantages and benefits in supporting more informed, transparent decision making in the WDS design process.
Introduction
Multi-objective optimal design and rehabilitation of Water Distribution Systems (WDS) has attracted increasing attention over recent years (e.g., Walski and Gessler 1985; Walski et al. 1990; Halhal et al. 1997; Farmani et al. 2003; Perelman et al. 2008; Fu and Kapelan 2011) . The shift from least cost design to multi-objective performance-based design advances decision makers' understanding of tradeoff relationships between conflicting design objectives (Walski 2001) . For multi-objective problems, the Pareto optimal set of solutions are sought, where each solution is better than all the others in at least one objective. Plotting these solutions in their objective space yields an explicit representation of design tradeoffs termed the Pareto frontier. Discovery of the Pareto approximate frontier can aid decision makers in discovering the diminishing returns of alternative trade-off levels, which can be exploited in transparent, informed decision support in the design process (Giustolisi and
Berardi 2009).
To date, most applications of multi-objective WDS design have considered two objective formulations focused on a cost related objective and one additional performance related objective.
The WADISO program (Walski and Gessler 1985; Walski et al. 1990 ) was possibly the first tool to address the multi-objective nature of pipe sizing. Halhal et al. (1997) and Walters et al. (1999) considered an aggregated benefit measure including hydraulic benefit (pressure shortfalls or excesses). Kapelan et al. (2005) formulated a two-objective problem with cost and system reliability, which is defined as the probability of simultaneously satisfying minimum pressure head constraints at all nodes under the uncertainties in nodal demands and pipe roughness. Jayaram and Srinivasan (2008) considered minimization of life cycle cost and revised resilience index, which measures the surplus power of the WDS that could be potentially utilised in the case of increased water demand M a n u s c r i p t
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Formulations with one or a very small sample of performance objectives are myopic in their reflection of real-world engineering design requirements (Brill et al. 1990 ). This approach can help bridge the gaps between water distribution optimization and engineering design practice, and make optimization a useful tool for decision support in the WDS design process (Walski 2001) .
Prior literature has defined problems as being "many-objective" if they have four or more objectives (Fleming et al. 2005) . Recent studies have demonstrated the use of many-objective visual analytics in water supply risk management (Kasprzyk et al. 2009; Kasprzyk et al. 2012 ) and groundwater monitoring network design (Kollat et al. 2011) , and have yielded new design insights and demonstrated the potentially highly negative consequences that could result from lower dimensional formulations. The increase in the number of objectives brings new challenges to multiobjective optimization: deterioration of search ability, exponential increase in non-dominated Pareto approximate solutions and difficulty in solution visualization. Popular multiobjective genetic algorithms, such as NSGAII (Deb et al. 2002) , lose their effectiveness as the number of objectives increases, although they have been shown as effective for multi-objective WDS design (Farmani et al. 2003) . The epsilon Nondominated Sorted Genetic Algorithm II (ε-NSGAII) (Kollat and Reed 2006) has been demonstrated as effective and efficient for solving many objective problems (Kasprzyk et al. 2009; Kollat et al. 2011, Hadka and Reed in press, Reed et al. in press) .
This study investigates the use of many-objective optimisation methods for optimal design and rehabilitation of the WDS. The ε-NSGAII is used to solve a high-dimensional optimization problema six objective problem in this study. The case study used to demonstrate the many-objective method is the benchmark Anytown network rehabilitation problem (Walski et al. 1987) , which addresses various design concerns from different stakeholders, including capital and operating costs, hydraulic failure, leakage, water age and firefighting capacity. The many-objective visual analytics approach is demonstrated as one way forward to address the challenges identified in the context of water Journal of Water Resources Planning and Management. Submitted February 13, 2012; accepted September 10, 2012; posted ahead of print September 13, 2012 . doi:10.1061 /(ASCE)WR.1943 Copyright 2012 by the American Society of Civil Engineers M a n u s c r i p t
explore multiple values for the constrained variables, thus providing the decision maker with a better understanding of key trade-offs.
Many-objective analysis allows a suite of objectives to be considered that best capture concerns from different stakeholders. This set of objectives differs depending on the network of concern, but the following list was chosen to be representative of typical objectives in the WDS field.
Capital and Operating Costs
There are many different cost metrics that can be considered in WDS. For example, a designer would consider a different suite of costs depending on whether an existing system is being considered or a completely new system is being designed. Costs considered in this study are capital cost for network expansion/rehabilitation and operating cost during a design period. The capital cost accounts for the cost of network components such as pipes, storage tanks, and pumps, while the operating cost measures the energy cost for pump operation. In the conventional least cost design, different types of cost are combined into one single cost as the optimization objective. Since many-objective optimization can consider multiple objectives that may or may not conflict, this study separates capital costs and operating costs in the Anytown network case study. However in some situations, the aggregated cost can also be useful especially when many other objectives are considered.
Hydraulic Failure
Hydraulic failure at a demand node is defined as the occurrence of reduced water supply (i.e., below the required demand) due to low nodal pressure. It can be quantified for different components in the WDS network. In an EPS, the failure fraction can be defined as the fraction of time during which pressure drops below the required pressure. The consequence of failure of node i at time step t is defined as water shortage at this node relative to the total demand of the entire WDS at that time step: In addition to nodal demand, the operation of tank is also considered for failure evaluation. Tank hydraulic failure occurs when the water level at the end of EPS is lower than at the beginning of simulation as this can cause potential problems for the following time period. Similar to the nodal failure index, the tank failure index tank R is calculated as The total system failure index (SFI) can be defined by combining nodal and tank failure indices, and a definition is given for the Anytown network in the Case Study section.
Fire Flow Deficit
In the U.S., the water flow to suppress an urban fire is required at a residual pressure of 137.9 kPa for a specific duration (American Water Works Association 1998). Similar requirements exist in other countries around the world. Failure to deliver the required fire flow poses a severe risk for assets and public life. The potential fire damage can be represented by fire flow deficit 
Leakage
Water loss in a WDS is a severe and complex problem for many cities, particularly those with ageing networks. WDS leakage is often treated by water utilities as an operational cost but here it is evaluated separately to emphasise its environmental aspect. WDS leakage can result from mechanical failure of pipes or other components and from background leaks located in the pipe walls and around the pipe junctions.
The leakage objective in this study considers background leakage from pipes only and is calculated based on the pipe pressure. The leakage along a pipe is allocated to two end nodes for simulation. According to Tucciarelli et al. (1999) , the background leakage in half-pipes linked to node i is calculated using
M a n u s c r i p t Tucciarelli et al. (1999) and Giustolisi et al. (2008) . The total leakage is calculated as sum of respective leakages associated with each network node (see Eq. (6)) averaged over an EPS, 
Water Age
Water quality problems in the WDS often arise from interactions between water within the pipe and the pipe wall, and within the bulk water of storage tanks. As the water stays in the system for a longer period of time, there is a greater chance for contaminant formulation and subsequent adverse health effects. The time required for the water to reach the customer from water sources through the network therefore influences the water quality. Water age at a demand node is used as an indicator of water quality, and defined as the average travel time from water sources to the demand node (Farmani et al.
2006
). The dynamics of water quality is simulated in EPANETpdd (as in EPANET2) and water age over time at each demand node is provided after running the water quality module of EPANETpdd.
According to Farmani et al. (2006) , the water quality objective is to minimize the maximum water age across all demand nodes (and time steps) in the WDS
where t i WA , is water age of node i at time step t directly calculated in EPANETpdd.
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Many-objective Optimization Method
Evolutionary algorithms have emerged as a widely-used method for solving problems in complex engineering systems characterized by conflicting objectives such as WDS design (Nicklow et al. 2010 ). In the multi-objective context, many algorithms work very well on two-objective problems.
For example, NSGAII is very effective and has received many applications (Farmani et al. 2003; Herstein et al. 2011) . The algorithms' convergence can be, however, severely deteriorated by the increase in the number of objectives.
To improve the performance of the original NSGAII, the ε-NSGAII was developed by introducing ε-dominance archiving, adaptive population sizing, and automatic termination with the intent of improving computational efficiency and search reliability (Kollat and Reed 2006) . Use of ε-dominance enables a more even search of the objective space and significantly reduces the size of the archive. The ε-NSGAII has been tested in a wide variety of applications and shown to be very efficient and effective for complex optimization problems (e.g., Kollat and Reed 2006; Tang et al. 2006; Tang et al. 2007; Kasprzyk et al. 2009; Kollat et al. 2011; Fu et al. 2012; Kasprzyk et al. 2012 ).
Building on this body of work, this algorithm is chosen to solve the many-objective WDS design problems described above.
The ε-NSGAII's parameter values used in this study are shown in Table 1 . These settings reflect the recommendations by Kollat and Reed (2006) . Because of the random nature of genetic algorithms five random seed replicate runs were used to solve the Anytown network problem. For each random seed run the ε-NSGAII searched for one million model evaluations. Visual analysis showed that beyond one million evaluations there was little or no substantive improvement in the Pareto approximate sets attained. The Pareto approximate set analysed in this study was generated across all five random seed optimization runs.
M a n u s c r i p t
N o t C o p y e d i t e d Case Study: Anytown Network Problem
The Anytown water distribution system has many typical features and challenges found in real-world networks, such as pump scheduling, tank storage provision and fire fighting capacity provision. The existing network has 35 pipes, two tanks and three identical pumps delivering water from the treatment plant into the system. To meet the city expansion and increasing demands, 77 decision variables are considered, including 35 variables related to existing pipes (with options of cleaning and lining or duplication with a parallel pipe), 6 new pipe diameters, 12 variables for two potential tanks, and 24 variables for the number of pumps in operation during 24 hours. Five loading conditions are considered: average day flow, instantaneous flow, and three fire flow conditions. The reader is referred to the study of Farmani et al. (2006) for detailed encoding of the decision variables.
The capital cost capital f and operating cost operating f (i.e., annual pumping energy cost) are calculated according to Walski et al. (1987) and Farmani et al. (2006) . The Anytown network is required to supply water to all demand nodes at a minimum pressure of 275.8 kPa at the average day (24 hours) and instantaneous flow conditions. So in Eq.
(1) the minimum required pressure ( According to Farmani et al. (2006) , three fire flow conditions were defined as: (1) 2,500 gpm (0.158 m3/s) at one node (node 19); (2) 1,500 gpm (0.0946 m3/s) at three nodes (nodes 5, 6 and 7); M a n u s c r i p t
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and (3) 1,000 gpm (0.0631 m3/s) at two nodes (nodes 11 and 17). Except the above specified nodes, all the other nodes are required to supply a flow of 500 gpm (0.0316 m3/s) under the three fire flow conditions. The fire flows must last for 2 hours and be met while supplying the peak day flow at a minimum pressure of 137.9 kPa (used as the service pressure The leakage leak f and water age age f are calculated for the average day (24 hours) flow condition using Eqs. (7) and (8). The leakage is assumed to exist in old, existing pipes only and no leakage is assumed for new pipes.
The Anytown network problem has been solved using different multi-objective formulations, for example, total cost and aggregated benefit (Walters et al. 1999) , total cost and pressure deficit (Fu et al. 2012) , total cost and reliability as well as water age (Farmani et al. 2006) , and separate capital and operating cost as well as environmental impact index (Herstein et al. 2011 ). This study is the first to define a many-objective formulation, in which a total of six objectives are minimized simultaneously:
. This problem definition is to move away from the paradigm of cost minimization only, and represents a step further towards addressing the real concerns of practicing engineers in reality (see Walski et al. 1987) . M a n u s c r i p t
Results and Discussion
Six-dimensional Objective Tradeoffs
A global view of the six-objective tradeoffs are first analysed to illustrate the benefits of the manyobjective approach. Fig. 1 shows the Pareto approximate set of 989 solutions generated by applying the ε-nondominated sorting algorithm to all of the Pareto approximate solutions attained over five random seed optimization runs. This set represents the best known approximation to the true Paretooptimal set from a total of 5 million model simulations, which took about 180 hours using a desktop with a 3.00 GHz processor in Windows XP. The leakage, SFI, and capital cost, are plotted on the x, y and z axes, respectively. The water age objective is shown by the color of the cones with color ranging from blue to red, representing the increasing water age from 6.85 to 24 hours. The fire flow solutions in region (i), these solutions also have a wide range of water ages and leakages. This highlights the importance of considering the water age and leakage objectives in the optimization process. Particular attention should be given to water age as it is not linked to the levels of capital and operating costs, that is, solutions with a wide range of water age can be found at any cost level. shown that a negative relationship (tradeoff) exists between capital and operating costs in a lowerdimensional objective space (e.g., Herstein et al. 2011 ). However, the results in Fig. 2 reveal a more positive rather than negative relationship between these two cost objectives when required to balance more objectives in a higher dimensional space. A similar relationship is also observed for SFI and fire flow deficit.
The trends for high cost and low cost solutions in Fig. 1 can also be clearly seen in Fig. 2 .
Further, Fig. 2 reveals that the medium cost solutions (represented by light blue and yellow lines) have a wide range of failure indices, fire flow deficits, water ages and leakages. This indicates the complexity and difficulty in decision making when selecting a solution from the medium-cost region, which is generally of particular concern to the decision maker in practice (due to typical high increase in benefits for marginal increase in costs).
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Lower-dimensional Objective Tradeoffs
In addition to the six-dimensional view, the lower-dimensional sub-problem tradeoffs within the approximate set are further explored to illustrate the benefits of the many-objective approach. It should be noted that solving the six-objective optimization problem automatically solves 62 smaller subproblems at the same time: 6 single-objective problems, 15 two-objective problems, 20 threeobjective problems, 15 four-objective problems, and 6 five-objective problems. That is, the Pareto approximate set obtained from the full six-objective problem contains all of the tradeoffs for the 62 sub-problems. This allows the comparison of the solution sets from different-dimensional problem definitions with the results from the full six-objective optimization. In Fig. 3a , a clear tradeoff curve between capital cost and fire flow deficit can be observed, and it represents the approximate Pareto front had only these two objectives been used for optimization (highlighted with black squares). Note that the cones in the Pareto approximate front have a very different color varying from blue to red, representing a significant variation in the objective of water age. This implies that many of these seemingly high-performing solutions fail in the objective of water age, and a decision maker may choose a solution with a very high water age had only the capital cost and fire flow deficit objectives been considered for optimization. age, the more important relationship is that water age increases with capital cost. This is because larger pipe diameters cause slower flow through the network, resulting in higher water ages (Kanta et al. 2012 ). In the space of operating cost and water age, a clear tradeoff relationship can be observed.
Not only the specific designs such as better designed loops have an important influence on water age, adjusting pump operations can also effectively reduce residence time through increasing storage turnover rates, resulting in a lower water age. The different relationships between the two costs and water age could not be revealed had the two costs been aggregated into one cost in a lowerdimensional problem definition.
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Further Figs. 3c and 3d also show different relationships between the two types of cost and leakage, represented by the cone colors. There is a close positive relationship between leakage flow with operating cost, as revealed by the color variation along the x-axis of Fig. 3c . This is because pumping has a direct effect on pressure that is closely linked to leakage flow (see Eq. (6)). However, the leakage is not closely linked with the capital cost as the cones in the same color are distributed over a wide range of costs along the x-axis of Fig. 3d . This is an effect of capital type works (e.g., new pipes and tanks) on system pressures that generally increases pressures in the system but may also lead to pressure decrease in part(s) of the system, e.g. where the old/leaky pipes are predominantly located. This illustrates that operating cost has a more significant impact on leakage than capital cost because it is more directly and closely related to nodal pressures that consequently affect leakage flows generated from the old, leaky pipes.
Exploration to Inform Decision Making
A visual approach has been developed to explore the complex tradeoffs by successively adding more objectives into the tradeoffs to aid the decision maker in better understanding objective interactions (Khu and Madsen, 2005; Kollat and Reed, 2007a; Kollat et al., 2011) . This approach is used here to demonstrate how to reveal the interactions that may not be fully captured in a lower-dimensinal problem formulation, and how to discover high-performing solutions for decision support.
Figs. 4a-4e mimic the possible steps that a decision maker could take to identify satisfying solutions starting from a two-dimensional tradeoff. Fig. 4a shows the tradeoff curve in the space of capital cost and fire flow deficit. Recall that this curve represents the Pareto-optimal solutions had only these two objectives been used for optimization in a two-objective formulation. Considering the tradeoff between the two objectives, a decision maker might want to choose a solution at the point of diminishing return on the tradeoff curve because after this point there is little improvement in fire flow deficit with the increase in capital cost. In this way, Solution 1 is first identified for comparison. M a n u s c r i p t N o t C o p y e d i t e d Compared with Solution 1, Solution 3 achieves a substantial improvement in SFI, water age and leakage with a lower capital cost and lower operating cost, although it does have a slightly higher fire flow deficit. Solution 2 has a much higher operating cost that helps it achieve improved performance for the SFI and fire flow objectives, while reducing its performance for the leakage objective (i.e., it results in a substantial increase in leakage flow). Solution 4 has the lowest capital and operating costs, and has the best performance in water age and leakage but has the worst performance in SFI and fire flow deficit. Solutions 2 and 5 have the similar operating cost and leakage, but with a much lower capital cost, solution 5 has a much higher failure index and fire flow deficit. The parallel line plot shows that besides Solution 3 all the other solutions have bad performance in at least one objective.
Solution 3 achieves a well-balanced overall good performance with reduced capital and operating costs.
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Understanding of the Design Space
It is vital to understand how the system performance is affected by different decision variables. Fig. 5 shows Solution 1 has a very similar objective trajectory to the recommended solution 3, thus it is selected for comparison to understand the important domain knowledge in improving system performance. One notable difference between these two solutions is that Solution 3 has 3 pumps operating at the 24th hour to fill the tanks while solution 1 has a more uniform pump provision for extra pumping through the day, i.e., 2 pumps operating at 5 different hours (i.e., 8th, 14th, 16th, 18th, and 22nd) while one pump operates at all the other hours. Solution 3 has an advantage in reducing the operating cost while reducing the high pressure periods. Recall that operating cost (i.e., pumping) has a more M a n u s c r i p t
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significant impact on leakage than capital cost, thus the reduced pump operating hours also explain the low leakage from Solution 3.
Conclusions
This study proposes use of the many-objective visual analytics approach for water distribution system design or rehabilitation problems. The many-objective approach combines a multi-objective evolutionary algorithm (ε-NSGAII) and interactive visual analytics to reveal and explore the tradeoffs underlying the WDS design problem. This approach was demonstrated using the well-known benchmark Anytown network, which was designed for a suite of six objectives: capital cost, operating cost, system hydraulic failure, leakage, water age and fire fighting capacity.
In this study, the optimization results demonstrate the benefits of considering many objectives in the design process. The Pareto optimal solutions identified in a lower dimensional problem usually have a worse performance in other objectives considered in a higher dimensional problem. The capital cost and operating cost have a very different relationship with water age and leakage and this would not be revealed had the costs been aggregated into one objective in a lower dimensional problem formulation.
In addition, this study illustrates the use of visual analytics to explore the complex tradeoffs between various conflicting design objectives and identify the satisfying solutions in the design process. The solutions identifed achieve a significant improvement in overall WDS performance with reduced capital and operating costs when compared with the solutions that would have been chosen from lower dimensional (two-objective) problems.
The many-objective visual analytics approach provides a powerful tool for discovering highperforming solutions that achieve the best tradeoffs between all the objectives considered. This can be used to support more informed, transparent decision making in the WDS design process. Thus this approach is suggested as one way forward to address the challenges in the context of water distribution system optimization, particularly in revealing and balancing the tradeoffs between various design objectives. However, it should be noted that many-objective optimization poses both benefits and challenges in terms of the amount of problem information generated for decision makers.
The consideration of many-objectives can lead to important insights, but there needs to be a strong focus in future research on effective human-computer interaction frameworks (e.g., visual analytics) that enhance discovery and decision making. Though this approach can effectively handle as many as six objectives or ever more, this may not always be required in practice. The objectives used when solving a specific real-life problem have to be carefully selected on a case by case basis, to address the key issues and concerns from various stakeholders involved. The WDS design problem formulation used in the paper cannot fully represent the complexity of real-world design problems, which might have a different set of objectives addressing different stakeholders' concerns and involve considerable uncertainties in demands and system characteristics. Thus future work will involve further testing and verification of the many-objective methodology developed and presented here on more complex, real-life water distribution systems with additional/different objectives or uncertainties considered.
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